ABSTRACT Concept generation is one of the most critical steps in product design process. Recently, several computational tools for automatically generating design concepts were developed, which can generate a big number of design concepts. This brings a new challenge to traditional expert-based design concept evaluation methods since experts are not capable of evaluating a large number of design concept in a short time. Therefore, this work develops a knowledge-based method to roughly evaluation design concepts and elect a small number of design concepts for expert-based evaluation. In the proposed method, a knowledge base containing 100 design concepts extracted from existing products is constructed, and four features, including Number of Function (#F), Function Compatibility Index (FCI), Function Component Mapping Index (FCMI) and Component Compatibility Index (CCI) are defined for building evaluation models. Based on the knowledge base and features, several computational evaluation models are developed including novelty evaluation model (NEM), feasibility discrimination model (FDM) and feasibility evaluation model (FEM). Empirical results show the proposed method is capable of evaluating design concepts. This work makes two-fold contributes to the research community, the first is a manually constructed knowledge base is published, while the second is four features are defined and used to define design concept evaluation models.
I. INTRODUCTION
Concept generation is an indispensable step of innovation design [1] , and there is a significant correlation between the quality of design concepts and the success of final products [2] . Traditionally, brainstorming is adopted in many scenarios. Following this paradigm, the 6-3-5 [3] and C-Sketch [4] were proposed to evaluate design concepts. In these methods, only a small number of design concepts can be generated, and the generated design concepts can be evaluated by expert-based methods.
Recently, several computational methods were developed to generate design concepts automatically. For examples, Kurtoglu et al. [5] extracted 45 rules from existing products, and a rule-based system was developed to computationally generate new design concepts. Bryant et al. [6] developed a design concept generation algorithm based on two matrices: function component matrix and design
The associate editor coordinating the review of this manuscript and approving it for publication was Qiang Lai. structure matrix, which are extracted from a web-based knowledge base. Huang et al. [7] adopted genetic algorithms and fuzzy neural networks to generate design concepts. The above methods can generate many design concepts in a short time, which makes the expert-based methods fail to evaluate the design concepts. Therefore, aided tools must be provided to help designers during the evaluation process.
In this work, we attempt to develop a method to filter the design concepts first and only leave a small number of design concepts for expert-based evaluation. Hence, the proposed method is not to replace the expert-based methods. Overall, we have the following goals in this work.
• First, to manually build a knowledge base by extracting design concepts from existing products;
• Second, to define informative features that can be used to define design concept evaluation models;
• Third, to develop design concept evaluation models based on the knowledge base and features.
The rest of the paper is structured as follows. The next section provides related works to the current research. Section 3 explains the proposed method in detail. Section 4 conducts several experiments to verify the evaluation models. Section 5 discusses the results and Section 6 summarizes this work and outlines some potential future studies.
II. RELATED WORKS
This section makes a summary of the research efforts that paved the way for this study. Two aspects are addressed, including design concept representation and design concept evaluation.
A. DESIGN CONCEPT REPRESENTATION
Design concept representation is critical for design concept generation and evaluation. One structured representation of design concept was called function structure (FS) [9] , which defines all functions and their relationships between them in a structure manner, and the relationships are defined by flow, such as material, signal and energy. Following this idea, several structured methods were developed, including Function-Behavior-Structure (FBS) [10] , [11] , StructureBehavior-Function (SBF) and Function-BehaviorState [12] , [13] . Recently, Kurtoglu proposed a structured method for representing design concepts, which is called ''Configuration Flow Graph (CFG)'' [14] . This method provides both structure representation of functions and the components. In this work, we use CFG to represent a design concept.
Standard function and component vocabulary are another issue to represent design concept. Many researchers have contributed to the development of standard vocabularies in recent decades. Most of the existing vocabularies have two important parts, including function and flow. For example, Pahl and Beitz listed five function terms (Channel, Connect, Change, Vary and Store) and three flow terms (Material, Signal, Energy) at a very abstract level [9] . Based on this work, Hundal further defined six function terms (Branch, Channel, Connect, Change magnitude, Convert and Store/Supply) with 44 specific sub-function terms [17] . Furthermore, Altshuller defined 30 function terms by analyzing massive patents [18] . Koch et al. introduced living systems theory into product design and used 20 subsystems (function terms) to describe a mechanical product [19] .
Currently, a set of function terms called Function Basis (FB) has been formed [20] , which is built based on the database proposed by Wood and Little [21] . The FB also includes function part and flow part, and the function part includes 8 categories and 24 sub-classes, while the flow part includes 3 categories and 18 sub-classes. Further, Hirtz et al. formed the RFB (Reconciled FB) [22] by integrating the terminology built up by NIST (National Institute of Standards and Technology) [23] and FB. The function part of RFB includes 8 categories and 22 sub-classes, while the flow part includes 3 categories and 20 sub-classes. Excepting the above vocabularies about function, Kurtoglu et al. [24] developed a vocabulary called component basis (CB) to represent the configuration of design concepts. The details of the above vocabularies are listed chronologically in TABLE 5 at the Appendix.
B. DESIGN CONCEPT EVALUATION
To evaluate design concepts, two issues must be addressed, including evaluation metrics and evaluation method.
1) EVALUATION METRICS
During the last two decades, different metrics have been proposed for evaluating design concepts. In 2000, Shah et al. [25] used novelty, variety, quality and quantity to evaluate design concepts, and further defined the formula to calculate these four metrics in 2003 [26] . Novelty means the degree to which a given design concept is unusual. Variety means the degree of dissimilarity of a group of design concepts. Quality means the degree of a given design concept satisfying requirements. Quantity means the total number of a group of design concepts.
Since then, these metrics were acknowledged by the research community, although different terminologies were adopted [1] . In this work, we make a brief summarization of the metrics, the result is shown in TABLE 1. In this table, the metrics that have similar meanings are grouped by the four metrics proposed by Shah. However, this classification does not imply that the metrics in the same group can be replaced by each other. This is because even metrics in the same group have different meanings. For example, the ''Need Satisfaction'' and ''Completeness'' refer to the degree that the requirements are met, while the ''Feasibility'' and ''Utility'' refer to the degree a given design concept can be implemented.
2) EVALUATION METHOD
From a technical perspective, two dimensions can be used to classify the evaluation methods. The first dimension is what method is used to deal with different criteria values. In the research community, it was well acknowledged that design concept evaluation inherently involves uncertainty and fuzziness [34] - [36] . To handle the uncertainty, fuzzy set [34] , [37] - [41] and vague set [42] are adopted. However, these methods require the setting of membership functions, which will bring new subjectivity. Therefore, rough set [35] , [36] , [43] - [47] is adopted in the last decade to deal with the uncertainty, and this method does not require the setting of membership.
The second dimension is what method is used to rank design concepts. Corresponding to the methods of dealing criteria values, many traditional multi-criteria decision-making (MCDM) approaches, such as AHP, ANP, TOPSIS, VIKOR and so on, are extended by fuzzy set, vague set and rough set. For example, AHP is extended to formulate several new methods including fuzzy-AHP [40] , [48] or FAHP [49] , rough-AHP [36] , [43] . Similarly, TOPSIS and VIKOR are also extended and used in many previous research works [34] , [36] , [42] , [43] , [46] , [49] . Another tendency of the recent researches is to combine the advantages of different methods to develop new methodologies, such as TOPSIS, fuzzy set and AHP are combined in [49] ; AHP, rough set and VIKOR are combined in [36] and so on. Besides these traditional methods, some advanced methods adopting data mining and machine learning also proposed by researchers. The second dimension is what method is used to rank design concepts. Corresponding to the methods of dealing criteria values, many traditional multi-criteria decisionmaking (MCDM) approaches, such as AHP, ANP, TOPSIS, VIKOR and so on, are extended by fuzzy set, vague set and rough set. For example, AHP is extended to formulate several new methods including fuzzy-AHP [40] , [48] or FAHP [49] , rough-AHP [36] , [43] . Similarly, TOPSIS and VIKOR are also extended and used in many previous research works [34] , [36] , [42] , [43] , [46] , [49] . Another tendency of the recent researches is to combine the advantages of different methods to develop new methodologies, such as TOPSIS, fuzzy set and AHP are combined in [49] ; AHP, rough set and VIKOR are combined in [36] and so on. Besides these traditional methods, some advanced methods adopting data mining and machine learning also proposed by researchers [50] , [51] .
C. RESEARCH GAP
While the above evaluation methods are effective when evaluating a small number of design concepts, when an automatic design concept generation system is launched, which can generate many design concepts in a short time, the above evaluation methods tend to fail since all existing methods rely on experts' ratings. Therefore, there is a research gap between the requirement of rapid evaluation of many design concepts and the existing expert-based evaluation methods.
III. THE PROPOSED METHOD
This work is an attempt to fill the research gap illustrated in section II by building a knowledge-based method for rapid design concept evaluation. This method takes a number of design concepts as input and outputs the evaluation results instantly. To implement this method, three steps are conducted in this work.
STEP 1: Knowledge Base Construction. A group of design concepts are extracted from existing products and represented in a structural manner.
STEP 2: Features Definition. Several numerical features are defined based on the knowledge base. Then, all the design concepts are converted into numerical representation.
STEP 3: Evaluation Models Construction. Three evaluation models are constructed by machine-learning algorithms to evaluate the novelty and feasibility of given design concepts.
The following subsections illustrate the above three steps in detail.
A. KNOWLEDGE BASE CONSTRUCTION
Knowledge base is an indispensable part of the whole method since the underlying idea is to evaluate new design concepts VOLUME 7, 2019 FIGURE 1. The process of extracting design concepts from existing product.
based on previous knowledge. In this work, we assume every existing product contains a design concept. Therefore, building knowledge base is to extract design concept from existing products. To implement design concept extraction, we first build CFG and FS of an existing product, which are illustrated in section II. Then a matrix-based representation is designed to contain all information stored in CFG and FS. Based on this idea, each existing product can be represented by a matrix. We build a knowledge base containing 100 design concepts (100 matrices) of 100 electromechanical products obtained from two e-commerce websites (JD 1 and Taobao), 2 which are two largest e-commerce websites in China. To illustrated how the knowledge base is constructed, we take the humidifier as an example.
As shown in FIGURE 1, a specific humidifier is shown in the top layer and the critical components are identified first. Then, these components are connected by flows to form the corresponding CFG of the humidifier (the middle layer). The terms of components are from standard vocabulary CB and RFB (see section II). Each component implements one or more different functions. Therefore, the FS of humidifier (the bottom layer) is constructed by simply mapping each component to its main function.
To process design concepts by computer language, we further develop a matrix-based method to represent a design concept. All the terms of functions, components and flows are assigned an identical integer first. Then, a design concept with N functions is represented by a (N + 3) × (N + 1) matrix. This matrix has two main parts: the N ×N core matrix and the 2 × N additional matrix. In the core matrix, each value is the flow that connects a pair of functions. In the additional matrix, the first row stores the N components, while the second stores the functions that implement the N components. Besides, 1 www.jd.com 2 www.taobao.com the input row and output column are the input flow and output flow.
For the humidifier, a 9 × 7 matrix is built, as shown in FIGURE 2. The 6 × 6 core matrix records the relationships between the six components, which are marked in the top and left side in FIGURE 2. On the right sides the term of flows that connect the six components are also marked. The 2 × 6 additional matrix records the six functions corresponding to the six components. This 9 × 7 matrix can be processed easily by computer programs, and it holds all information in CFG and FS.
Besides, the 100 existing products are shown to three users to rate their novelty, and all users majored in mechanical design, and they are familiar with these products. Each user was asked to assign a novelty score (from 1 to 10) to each product. The final novelty score is the average of all three users.
B. FEATUERS DEFINITION
Based on the knowledge base, several features are defined to represent each design concept in a numerical manner, including number of functions (#F), function compatibility index (FCI), function component mapping index (FCMI) and component compatibility index (CCI). With these features, a design concept can be represented by a vector
To clearly explain the meaning of these features, we assume a design concept with N functions {F 1 , F 2 , . . . , F N } which are implemented by N components
#F means the total number of functions N of the design concept. FCM records the compatibility value between each pair of functions. The compatibility is measured by the frequency of co-occurrence in the 100 design concepts. If a pair of functions always appears together in various products, the compatibility will be high, and vice versa. The value of compatibility is calculated simply by normalizing the co-occurrence frequency so that the value is between [0, 1].
Similarly, FCMM records the relevancies between functions and components, and by this matrix we can ask the question like which component is capable of implementing a function. The relevancies are measured by the frequency that a component implements a specific function. If a function is always implemented by a component in various products, the relevancy is high, and vice versa. The relevancy is calculated simply by normalizing the co-occurrence frequency of functions and components so that the value is between [0, 1].
CCM records the compatibility between each pair of components. The compatibility is also measured by the frequency of co-occurrence, if two components always appear together in various products, the compatibility will be high, and vice versa. Similar with FCM, the compatibility is also calculated simply by normalizing the co-occurrence of components.
Given a design concept with N functions {F 1 , F 2 , . . . , F N } which are implemented by N components {C 1 , C 2 , . . . , C N }, the FCI is the average compatibility values between every pairs of functions in {F 1 , F 2 , . . . , F N }; the FCMI is the average relevancy value of all mappings between functions {F 1 , F 2 , . . . , F N } and components {C 1 , C 2 , . . . , C N }; and the CCI is the average compatibility value between every pair of components {C 1 , C 2 , . . . , C N }.
C. EVALUATION MODELS CONSTRUCTION
Considering the fact that novelty and feasibility are two critical metrics for design concept evaluation at the very beginning of design process, three evaluation models are developed here: novelty evaluation model (NEM), feasibility discrimination model (FDM) and feasibility evaluation model (FEM), the following subsections detail these models.
1) NOVELTY EVALUATION MODEL (NEM)
NEM is used to predict the novelty of a given design concept represented by the four features. Since it is very hard to give a computational definition of novelty, this work directly learns a mapping between the four features and the novelty.
To learn the mapping, artificial neural network (ANN) is adopted as the machine learning model since its capability for design concept evaluation has been proved [52] . This work uses a neural network with only one hidden layer. This model is simple since not too much data is available. In the future, with the increased data volume the NEM can be expanded to a deep structure.
2) FEASIBILITY DISCRIMINATION MODEL (FDM)
FDM is used to judge whether a design concept is feasible or not, and it is used to roughly filter a big number of design concepts. It takes a design concept as input and output 0 (infeasible) or 1 (feasible). The design concept is represented by FCI, FCMI and CCI. We try to train a model to discriminate the existing design concepts (Group A) and randomly generated design concepts (Group B). Group A contains design concepts stored in the knowledge base, and we assume all design concepts are feasible since they are extracted from existing products. Group B contains a group of randomly generated design concepts, and we assume all design concepts are infeasible. The design concepts are generated according to the following steps:
• To randomly select a number of functions from RFB.
The number of functions follow the same distribution with number of functions of the existing design concepts;
• To randomly select a component from CB corresponding to each function;
• To repeat the two steps until the required number of design concepts are generated. To train the model, this work adopts naïve Bayes classifier as the machine learning model because of its simplification and performance in many different tasks.
3) FEASIBILITY EVALUATION MODEL (FEM)
FEM is used to predict a value to measure the feasibility of a given design concept. It takes a design concept as input and outputs a value of feasibility. The design concept is represented by FCI, FCMI and CCI. To train FEM, we assume all design concepts in the knowledge base are feasible but have various degrees of feasibility. Intuitively, design concepts that are close to existing design concepts are more feasible. We further assume the value of feasibility decreases exponentially with the increase of distance. Therefore, this work calculates the value of feasibility as the following equation.
where Fv indicates the value of feasibility; DC indicates a design concept, which is represented by a vector [FCI , CCI , FCMI ]; C is the cluster center of all existing design concepts in the three-dimensional space; is a 3 × 3 matrix, which can be used to set preferences about the measurement of feasibility.
IV. EXPERIMENTS A. EXPERIMENTS ON NEM
We first visually investigate whether it's possible to evaluate the novelty of the existing design concepts using FCI, CCI and FCMI. As shown in FIGURE 3, the top and last 10 design concepts in terms of their novelty are scattered in the threedimensional space defined by FCI, CCI and FCMI. In this figure, the last 10 design concepts are indicated by blue diamonds. We can see that FCI, CCI and FCMI are obviously bigger than that of the top 10 design concepts indicated by red rectangles. As shown in FIGURE 4, when the top and last 30 design concepts are drawn in the three-dimensional space, we still can observe the top 30 (red rectangles) located on the lower left while the last 30 (blue diamonds) are scattered on the upper right. From this result, we know that FCI, CCI and FCMI are capable of measuring the novelty of design concept.
To evaluate NEM, the learning and testing are conducted 30 times. For each run, all datasets (100 design concepts) are divided randomly into three groups, including training data (70%), validation data (15%) and test data (15%). This work takes the Mean Square Error (MSE) as an indicator to measure the performance. The average MSE of the 30 runs is 0.3709. We think this is acceptable since the mean of all novelty value is about 5.7 and the ratio of the error is about 6.51%.
B. EXPERIMENTS ON FDM
As shown in FIGURE 5, the number of functions of all the 100 design concepts follow a Gaussian distribution (µ = 8.42 and σ = 4.33). Based on this, 100 design concepts are randomly generated, and they are scattered in FIGURE 6 together with the existing design concepts. From this figure, we can find that (1) the distribution of randomly generated design concepts is obviously different with existing design concepts. Specifically, the generated design concepts are clustered in the lower left, while the existing design concepts are clustered in the upper right. (2) There are no obvious correlations between the FCI, CCI and FCMI of generated design concepts, and this is quite different from existing design concepts.
The above analysis shows that FCI, CCI and FCMI are capable of distinguishing the generated design concepts and the existing design concepts. Therefore, this work trains a naïve Bayesian classifier with the two groups of design concepts. The model is validated by 10 times 10-fold cross-validation. As shown in TABLE 2, the average error is 2.65%, i.e. the prediction accuracy is 97.35%.
C. EXPERIMENTS ON FEM
As shown in FIGURE 7, the cluster center of all design concepts is indicated by a blue rectangle and its coordinate is 0.025 0.033 0.019 . FIGURE 8 shows the feasibility value in the three-dimensional space when is a 3×3 identity matrix. We can see that the space close to the cluster center has higher feasibility value, and the feasibility decreases with the increase in distance. Another thing that should be noticed is the trends of feasibility value are the same in all directions since is an identity matrix. This result can also be clearly seen when comparing FIGURE 8 with FIGURE 9, which shows the distribution of feasibility value when is set as below. FIGURE 9 . From the upper right subplot in FIGURE 9, we know that the feasibility value in the diagonal direction decreases slower than other directions, and this is determined by . In this work, the setting of matrix is left to the developer of the design concept evaluation model. However, VOLUME 7, 2019 FIGURE 9. The distribution of feasibility value in the three-dimensional space when is a predefined matrix. The three two dimensional subplots show the projection view from the three directions. in scenarios where some prior information about feasibility is known, this matrix can also be determined by machine learning methods.
To validate FEM, we collect 5 variants of two products respectively. All variants have several distinctive functions which are implemented by different components. The variants are listed in with their feasibility value computed by FEM. As shown in TABLE 3, all product variants get very high feasibility values (indicated by Fv). This result is reasonable since all variants are already in the market. Further analysis finds that the number of functions influences feasibility value significantly. Therefore, we divide Fv by the number of functions to get Fv', and the last column of TABLE 3 shows the order in terms of Fv'. Generally speaking, the order is in line 
V. CASE STUDY
To verify the proposed method, which incudes a knowledge base, four defined features and three evaluation models, this work adopts three transpotation products, including mountain bicycle (FIGURE 10), scooter (FIGURE 13) and bicycle with fan (FIGURE 16). Accoding to the method illustrated in existring literature, the CFG and FS are constructed which involves the main components and functions, as shown in FIGURE 11, FIGURE 12, FIGURE 14,  FIGURE 15, FIGURE 17 and FIGURE 18 .
The CFGs and FSs of the three products are transformed in to a numerical vector based on the method illustrated VOLUME 7, 2019 The results show that bicycle has the lowest novelty and bicycle with fan has the highest novelty. This result is consistent with our intuition. The FDM shows that the three products are all feasible and can be implemented. The feasibility values of these three products are also onsistent with our intuition. The three product are all have a very high feasibility value and the values of bicycle and scooter are higher than that of the bicycle with fan.
VI. CONCLUSION
A knowledge-based method for computational design concept evaluation is developed in this work. This method contains a knowledge base and four numberical features. With this method, this work implements three evaluation models, including NEM, FDM and FEM.
The empirical results show that the NEM can predict the novelty value of design concepts with a low MSE. Since this model is a three-layer neural network, the calculation process is efficient. Therefore, it can be used to roughly predict the novelty value of a big number of design concept.
We also find that the FDM can distinguish existing design concepts and randomly generated design concepts with high accuracy. This model can act as an in-loop function to filter infeasible design concepts in real time.
The empirical results show that the FEM is generally in line with our intuition. We also believe that the parameter leaves a space to train and develop different feasibility evaluation models for different domains.
The empirical results show that the proposed method and its knowledge base and feature space have the potential to support the development of computational design concept evaluation models. However, the proposed method also has its own limtations. The main limitation is that the method heavily relies on the quality of the knowledge base, which is time-consuing to construct. However, in the big data era some advanced methods can be applied to build the knowledge base, such as knowledge graph. By this way, the quality of the knowledge base can be improved. On the whole, this work contributes to the research community by manually building and publishing a knowledge base, and defining four featurest that are used to develop design concept evaluation models. 
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